ABSTRACT Epoxy-graphene composites were fabricated and evaluated as corrosion resistance coatings on stainless steel 304 (SS304). Graphene-based composites coatings were synthesized using in situ approach at various levels of synthesis parameters, such as load of graphene, thickness of coating and mixing time between filler, and polymer resin. Corrosion resistance properties of the prepared coatings were examined using potentiodynamic polarization, where the variation in corrosion current represents the influences of synthesis parameters. Furthermore, the collected dataset was utilized to create an accurate model that simulates the corrosion resistance properties of the coatings using a fuzzy logic approach. Moreover, an optimization process was carried out to determine the optimal levels of synthesis parameters that may deliver supreme corrosion protection property. The resulting plots from fuzzy modeling demonstrated a well-fitting between the fuzzy model and the experimental data. The root-mean-squared errors (RMSEs) of the model prediction are found to be 8.1146e −08 and 0.0084724 for training and testing, respectively. The coefficient of determination (R-squared) of the fuzzy output is found 0.99758. The application of the PSO optimizer based on the fuzzy modeling leads to a significant drop in the current density by 7.52 % over that obtained experimentally without changing the system design or the materials used.
I. INTRODUCTION
Corrosion is a growing natural problem in metallic industry that delivers significant impacts on the economy. In the corrosion process, metals deteriorate due to chemical interactions with the environment. In particular, the electrochemical reactions between metals and natural corrosive agents such as oxygen and moisture. Several studies have been devoted to exploring various corrosion protection approaches including but not limited to the synthesis of composites coatings with enhancing corrosion resistance properties. Nano-composites, hydrophobic and organic-inorganic hybrid coatings are examples of corrosion resistance coatings that have been reported
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in the literature. The objective of these composites coatings is to extend the life span of metal substrates by shielding corrosive elements. Other corrosion protection approaches include the use of corrosion inhibitors and anodic or cathodic protection.
Stainless steel 304 is currently utilized in a wide range of applications. This can be attributed to the valued properties of SS304 such as weldability, electrical conductivity, thermal stability, and formability. Also, SS304 might withstand wide ranges of atmospheric conditions and temperature. However, SS304 may intensely corrode in a Chloride rich environment even at room temperature [1] . Therefore, SS304 metal substrates need to be protected from corrosion in Chloride rich environment using corrosion protection approaches such as composites coatings [2] - [4] . In composites coatings, a filler VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ is incorporated to enhance valuable properties of the coating including, but not limited to corrosion resistance. This is achieved by the ability of the filler to prolong pathways corrosive agents follow to reach the coated metal substrates.
Graphene is an example of such filler that is currently investigated in the manufacturing of polymer composites for a wide range of application including corrosion resistance composites coatings [5] - [9] . This can be attributed to the valuable properties of graphene such as high aspect ratio, low density, and noble reinforcement properties compared to other filler such as clay [10] . The valuable properties of graphene in term of morphology and mechanical strength facilitates the consumption of graphene in the manufacturing of protective composites coatings in a wide range of applications. In the coating industry, void spaces and cracks may form within the protective coating during the curing process. The formation of these void spaces may deteriorate valuable properties of the protective coating, in particular, mechanical property and corrosion resistance. Also, void spaces may network and create channels that expose the coated metal substrate to the surrounding corrosive medium. The incorporation of graphene sheets may fill the defects and seize the migration of corrosive agents through the coating channels. This will lead to significant attenuation in the corrosion rate and induce mechanical properties of the coating due to the novel reinforcement property of graphene [11] - [13] .
Modeling of the corrosion resistance properties of the coatings is an important issue for the optimal design to attenuate the corrosion current density through manipulating the values of synthesis parameters. Modeling plays a vital role in many engineering areas such as control systems, prediction models, parameters estimation, etc. With a model, new areas of the workspace can be visited without conducting any new experimental data. Moreover, in the case of accurate model, the time, money and efforts can be saved. However, the complexity of the model depends mainly on the type and special shape of the data to be modeled. The higher the non-linearity relationship between the input-output data the more complex the model is. In such cases, artificial intelligence tools like fuzzy modeling and neural networks [14] techniques are the most appropriate to obtain an accurate and robust model. Fuzzy logic (FL) can handle the uncertain data that makes it possible to build predictive models [15] . Nowadays, FL is still proving as an efficient modeling tool in many industrial and control applications despite it has emerged in the mid of sixties. Its robustness comes from its ability to track the data trend even if it is superimposed with noise or it has an uncertain nature. Therefore, the model can be built using fuzzy modeling technique with very few numbers of training epochs. The engineering fields provide various attempts of FL applications dealing with uncertainty and imprecision. Tarasov et al. created a model of FL to simulate the yield strength of as-cast A356 alloy [15] . Two FL models were proposed, where the prediction errors are 3.53% and 3.19% for the first and second model respectively. Said et al. [16] proposed a fuzzy model to simulate the thermophysical properties of water and ethylene glycol mixture for Al 2 O 3 and TiO 2 based nanofluids. They built an ANFIS of 'Sugenotype' of 3-inputs and one 'linear' output structure. In their suggested model, the fuzzy rules for the density, viscosity, and thermal conductivity were 8, 9 and 10, respectively. They trained each model with 38 data experimental samples for 30 epochs. Applying fuzzy logic modeling in conjunction with the optimization techniques enriches the industrial and control applications. Nassef et al. [17] suggested an accurate fuzzy model of the biodiesel system based on the experimental dataset. Then, their resulting model was integrated with particle swarm optimization (PSO) technique to determine the best values of pressure, number of passes as well as reaction time. Their study demonstrated that the system performance can be enhanced by 78.7 % compared to the Response Surface Methodology modeling technique.
The main target of this paper is to introduce a new methodology for improving the corrosion mitigation property of epoxy-graphene composite as protective coatings on metal substrates such as stainless steel 304. The proposed methodology consists of two stages. The first stage is to create an accurate fuzzy logic based-model that simulates the corrosion protection properties of Epoxy-Graphene (E/G) composite coatings. Such a model is build based on experimental datasets. The second stage is the optimization process in which the optimal parameter conditions are determined to minimize the corrosion current (I corr ) and consequently attenuate the corrosion rate. PSO algorithm is used to perform the optimization stage. During the optimization process, three variables, load of graphene (mg), mixing time (min) and coating thickness (µm), are used as the decision variables.
The remainder of the paper is organized as follows; the experimental work description is illustrated in section 2. Section 3 presents in detail the proposed methodology. The obtained results are discussed in section 4. Finally, in section 5 the main findings from this research are outlined.
II. EXPERIMENTAL WORK
A. MATERIAL SS304 metal foil (Composition: Iron: 79.3-83.9%, Carbon: 0-0.12%, Chromium: 16-18%, Manganese: 0-1%, Molybdenum: 0-0.5%, Phosphorous: 0-0.04%, Silicon: 0-1%, Sulfur: 0-0.03%, McMASTER-CARR) was used as substrate. Graphene sheets (ACS Material) prepared by thermal exfoliation of graphite oxide was utilized as a filler. According to the supplier, graphene was provided with a surface area of 400-1000 m 2 /g and electrical resistivity of ≤ 0.3 .cm. Bisphenol A diglycidyl ether (BADGE, Sigma Aldrich) was used as epoxy resin, while bis (2-aminopropyl ether) (B230, Sigma Aldrich) was used as a hardener. All materials were used as received.
B. SYNTHESIS
The Graphene-based composites were synthesized according to the procedures described in a previous study [7] .
Here, the composites coatings were prepared by first adding the graphene sheets to the hardener B230. The graphene sheets were dispersed in the hardener by bath sonication at 40 kHz (FS30H, Fisher Scientific). Epoxy resin was added to the graphene suspension and the final mixture was refluxed for an hour and homogenized (125 sonicate, speed range 8000 -30000 RPM, Fisher Scientific) for 20 minutes. The graphene/pre-polymer was spin-coated (SC 100, Smart Coater) on SS304 substrates at a speed of 300 rpm. Coated metal substrates were thermally treated at a temperature of 70 • C for 4 h in a vacuum oven (Isotem Model 281A Vacuum Oven, Fisher Scientific) to produce Epoxy-Graphene composites coated SS304 substrates. Current curing parameters were adopted from a previous study [7] to confirm the curing of the composites coatings. The synthesis process was carried out using three different loads of graphene (2, 5 and 10 mg), three bath sonication time (10, 25 and 40 min) and three coating's thickness (50±5, 75±5 and 100±5 µm), where the spin coating time was manipulated between 30-60 sec. to control the thickness of coatings.
C. MATERIAL CHARACTERIZATION AND CORROSION TESTING
The prepared polymer composites were characterized using different approaches to confirm the curing of the composites and to examine the dispersion of graphene sheets in the composites. For instance, the composites were characterized using X-Ray Diffraction (XRD) technique to confirm the curing of the epoxy and E/G composites. XRD patterns were recorded in the range of θ = 3 to 90 • with 0.24 • /min scan rate and 0.02 • scan speed using MiniFlex 600 (Rigaku). The dispersion of the filler in the polymer composites was observed using Scanning Electron Microscopy (SEM, Ziess LEO 1550) technique. For SEM images, the coated metal substrates were fixed on SEM stubs using Carbon tape and coated with Gold using the sputtering technique for 120 sec. SEM technique was also utilized to measure the thickness of coatings, where the coated metal substrates were fixed with Carbon tape and coated with gold for 120 sec. on a cross-sectional SEM stub. Also, the thicknesses of composites coatings were measured using a coating thickness gauge (PosiTector 200, ThermoFisher Scientific) and the results were matching with SEM outputs. Corrosion testing was performed in a temperature-controlled 1 L corrosion cell with 3.5% NaCl solution as the electrolyte. Electrochemical experiments were carried out using a potentiostat VSP-300 workstation and EC-lab software (Uniscan instruments ltd.) with three electrodes configuration, where graphite rods were used as the counter electrodes, Silver/Silver Chloride electrode was used as the reference electrode and bare/coated SS304 substrates with 1 cm 2 exposed surface area as the working electrodes. The bare/coated SS304 substrates were first polished washed with acetone and distilled water and dried before conducting the electrochemical measurements. Furthermore, the open circuit potential of the working electrode was allowed to stabilize before conducting the electrochemical experiment.
Electrochemical testing was conducted by varying the potential of the working electrode from −0.5 V to 0.5 V around the open circuit potential at a rate of 20 mV/min. This scanning process of potential generates the Tafel plot that can be utilized to extract the corrosion current density following the protocols explained in the literature [25] . Here, corrosion current was extracted using the point of intersection between the extrapolation of the straight part of the anodic and cathodic curves of the Tafel plot. It should be noted that the extraction of the corrosion current was carried out using built-in features in the same software used for collecting raw electrochemical results (EC-Lab software), which facilitates electrochemical analysis of Tafel plots.
To cover all combinations of synthesis parameters, 27 electrochemical measurements were performed and the corrosion current was reported for each run. The process of synthesis of E/G composite coating is illustrated in Figure 1 
III. METHODOLOGY
Modeling with intelligent systems tools such as fuzzy logic fortunes the resulting model. The proposed methodology consists of two stages; fuzzy modeling and parameter optimization. Fuzzy logic is utilized to end up with a system that describes the corrosion resistance performance of EpoxyGraphene (E/G) composite coatings based on the magnitudes of the synthesis parameters as inputs. Then, the parameter optimization stage has been carried out by using particle swarm optimization (PSO).
A. FUZZY LOGIC-BASED MODEL OF CORROSION PROTECTION SYSTEM
The FL based-modeling process is mainly composed of three different and consequence phases namely: fuzzification, inference system, and defuzzification. The process of converting the data from a crisp value to its associated fuzzy value through a predefined membership functions (MFs) is called fuzzification. On the other hand, the defuzzification process is an inverse process, which converts the fuzzy value to its equivalent crisp value [18] . The Center of Gravity (COG) defuzzification approach is popular in Mamdani-type. On the other hand, the Weighted Average (Wtaver) is the famous one in Sugeno-type and it is adopted in the current work. The heart of the fuzzy model is the inference system which links the outputs to the inputs via some IF-THEN rules. The setup and formulation of the rules are usually done by an expert. In some cases, as it has been done in the current work the rules can be extracted from the data itself [19] , [20] . The IF (X) THEN (Y) is a typical fuzzy rule, where X and Y denote the system's input and output, respectively. Therefore, the whole system's output y at a specific input pattern x can be aggregated by the weighted-average Wtaver method as shown in Eq 1: where,w i and y i are the weight and output of rule i, respectively; n is the number of rules.
B. PARAMETERS' OPTIMIZATION USING PSO
PSO is a meta-heuristic optimization tool that emulates the birds' motion in a swarm. The behavior of the birds in the swarm updating their movement is the main idea of the optimizer. It uses some proposed solutions typically named particles [21] . These particles form a group of solutions as the same as birds in the swarm. The proposed particles move within the search space to hopefully locate the optimal position which reflects the best solution. Throughout the searching task, each particle is modifying its orientation and location iteratively according to the best location of itself pbest in addition to the best location found so far of the whole swarm's particles gbest [22] . Therefore, the new velocity v and position p at a step (k+1) are calculated for every particle in the swarm from its previous velocity and position at a step (k). Hence, the updating rule is presented as in Eqs 2 and 3 [23] , [24] .
where w denotes the inertia weight; c 1 refers to the self-experience weight; c 2 represents the social-experience weight; r 1 and r 2 are randomly changing variables and their values are in the range from 0 to 1.
IV. RESULTS AND DISCUSSION
The prepared composites coatings were characterized using XRD techniques and the diffraction patterns are depicted in Figure 2 . XRD patterns represent broadly amorphous peak observed around 2θ values from 10 -30 • , which typically ascribed to the homogenously amorphous of epoxy composites [7] . Furthermore, it is worth mentioning that the incorporation of graphene sheets in E/G composites did not influence or attenuate the degree of crystallinity of epoxy. XRD patterns were recorded for all samples and no variation was observed. Therefore, the XRD pattern for one sample is presented for brevity. In addition to XRD, the prepared composites were characterized using SEM technique to capture the dispersion of graphene sheets in the E/G composites. Here SEM images were captured to illustrate the influences of synthesis parameters. In particular the impact of increasing the mixing time on the dispersion of graphene sheets at a high load of graphene. When the load of graphene is low, the graphene sheets can be easily dispersed even at a low level of mixing time (10 min). This is well illustrated in the SEM image depicted in Figure 3 , which represent the dispersion of graphene sheets in sample 1. However, for the same coating thickness and high load of graphene (10 mg), the impact of the mixing time on the degree of dispersion is substantial as can be observed in the SEM images depicted in Figure 4 .a and 4.b for samples 3 and 9, respectively. It can be noticed that for the same load of graphene (10 mg), low level of mixing time resulted in the agglomeration of graphene sheets in sample 3 (10 min) while maximizing the mixing time in sample 9 (40 min) induced dispersion and attenuates agglomeration of graphene sheets.
It is worth mentioning that increasing the load of graphene usually further the corrosion mitigation property of the E/G composite coating; however, the impact of increasing the load of graphene may not be positive in some cases. This can be observed in cases 7 and 8, where for constants mixing time and coating thicknesses, increasing the load of graphene did not excel the corrosion protection property of E/G coating. This can be attributed to different reasons including the variation in the size of the graphene sheet, where larger sheets may tend to agglomerate faster and may require further treatment to exfoliate and disperse in the polymer composites.
For the sake of improving the corrosion protection property of E/G composite coating, some operating variables such as the load of graphene (mg), mixing time (min), and thickness of the coating (µm) are controlling parameters in the corrosion resistance performance. In our previous study [25] , the effect of the three operating parameters on the corrosion current has been investigated. Implementing the design of experiment methodologies, modeling and optimization were carried out using the data of 27 different experimental samples conducted at different operation circumstances. Table. 1 shows the experimental results for each run. As it has been stated previously, in case of uncertain and noisy data FL is considered as the best option for modeling. In the current work, a 3-input and one-output fuzzy model has been built based on the dataset of the 27 experiments. These data samples are randomly split into two portions for training and testing with percentages of 70% and 30%, respectively which yield 18 and 9 data points for training and testing, respectively. To simplify the processing calculations, the three input variables are normalized by dividing their values with 10, 40 and 100, respectively which are their maximums. Table 2 presents the characteristics of the fuzzy modeling process.
Before the training phase starts, the fuzzy model's rulebased and structure have been constructed, and a threeinputs one-output ANFIS has been built. The inputs have Gaussian-shape MFs and the number of MFs in every input is dependent on the number of clusters. The rule-base list is configured using the 'Subtractive Clustering' method. The resulting model ends up with 18 fuzzy rules. The modeling process has been done with the 18 data samples and trained for 50 epochs. The performance accuracy of the obtained fuzzy model is assessed throughout training the model until an adequate small error is met during the testing phase. Furthermore, a significant statistical measure such as the mean squared errors (MSEs) has been computed for the fuzzy system's predictions in both the training and testing stages and matched with its corresponding data samples which are obtained experimentally. The MSEs were found to be 6.5846 * 10 −15 , 7.1781 * 10 −05 , and 2.3927 * 10 −05 for training, testing, and whole data, respectively which were found the lowest overall the training trials. The Root Mean Squared Errors (RMSEs) were also found to be 8.1146 * 10 −08 , 0.0084724, and 0.0048915 for training, testing, and whole data, respectively. The R-squared (R 2 ) of the fuzzy output is found 0.99758 which reinforce the model accuracy for tracking the data. Figure 5 shows a comparison between the obtained results using the fuzzy model carried out in this study versus the measured data for both training and testing datasets. It appears clearly from the plots, the resulting model by using the fuzzy technique is almost typical with the experimental data points, especially for the testing data samples, which designates that the fuzzy model is reliable and robust.
In the modeling phase, all inputs were normalized to unify the weights as shown in Figure 6 . Therefore, all the inputs' values are in the range from 0 to 1. However, the output is kept without any scaling. Because it is not possible to plot the output against more than two inputs in the same figure, the three plots in Figure 6 show the 3-D surfaces of the output versus every two inputs when the third input is at a normalized value of half the distance between its minimum and maximum values. The fuzzy membership functions of the system's inputs are shown in Figure 7 .
The modeling accuracy is also tested to assure the resulting performance of the resulting fuzzy model for any new pattern of the input data is a very crucial process. For assessing the prediction accuracy, the model's performance (predictions) is plotted against the experimental output (target) in both training and testing phases as presented in Figure 8 . The plots illustrate that the fuzzy model's predictions for both training and testing data are spread closely around the diagonal line that represents the one hundred percent accuracy.
Three different synthesis parameters that influence the corrosion current density are studied in this research. These parameters are the load of graphene (mg), mixing time (min), and thickness of coating (µm). Accordingly, during the optimization process, these variables are considered as the decision parameters for the PSO optimizer to minimize the corrosion current density, which is considered as the system's objective function. Hence, the objective function can be formulated as in Eq 4.
where I corr is the corrosion current density in (µA/cm 2 ).
TABLE 4.
A comparison between the corrosion current density and its associated optimal parameters obtained in this study and those obtained experimentally [25] . The lower and upper pound vectors of the decision variables are set to [2] , [10] , [50] and [10] , [40] , [100], respectively. To unify the searching process of the optimizer, the values of the decision variables were normalized by dividing their values by their maximums. The PSO characteristics used in this study are illustrated in Table 3 , while Figure 9 displays the schematic diagram of the optimization process. The plot of the maximum cost-function found so far all over 100 runs through the optimization process is shown in Figure 10 . Table 4 illustrates the optimal operating conditions and its associated outputs obtained in this study and those obtained in our previous work [25] . As shown from the table, the utilization of the PSO optimizer in combination with the fuzzy model produced a significant drop in the current density by 7.52 % over that in [25] .
Due to the stochastic behavior of the swarm optimizers, the optimizer results cannot be trusted unless many trials have been done. Therefore, the optimization process was executed one hundred times. The values of the statistical metrics of the whole runs are presented in Table 5 . The metrics included the minimum (Min) value, the maximum (Max) value, the average (Avg) value, the standard deviation (StD) and the RMSE.
By simple comparison, it can be noticed from Table 5 that the average value of the current density is found to be very near to the maximum value which reinforces the results obtained from the PSO optimizer and make it more reliable. The optimization results are also strengthened by the very small value of the standard deviation StD which ensures that the outputs of the 100 runs are distributed closely around the average value.
To illustrate the particles' convergence, the movements of the solution particles are recorded during the optimization process. Figures (11a), (11b) and (11c) illustrate the convergence curves of the optimizing variables' solutions of the graphene, mixing time, and thickness of coating, respectively.
V. CONCLUSION
Minimizing the corrosion current density and enhancing corrosion resistance properties of E/G coatings by controlling the values of synthesis parameters such as load of graphene (mg), mixing time (min) and coating thickness (µm) is the main target of this research. Based on the data set of the experimental data, an accurate fuzzy logic based-model has been created to simulate the corrosion protection properties of Epoxy-Graphene (E/G) composites. The resulting plots confirm good agreements between the fuzzy model and the experimental data. The Root Mean Squared Errors (RMSEs) of the model prediction are found to be 8.1146e −08 and 0.0084724 for the training and testing data, respectively. The coefficient of determination (R-squared) of the fuzzy output is found 0.99758 which indicates that a robust model is obtained. Next, the Particle Swarm Optimization (PSO) algorithm is used to identify the optimal operating conditions. During the optimization process, load of graphene, mixing time and coating thickness are used as the decision variables for the PSO optimizer to minimize the corrosion current density that was used as the cost function. The obtained results confirm that the current density is reduced by 7.52% compared with the experimental work. This proved that the proposed methodology improved the corrosion protection of Stainless Steel 304 by epoxy-graphene composite without changing the system design or the materials used. Eventually, in this study, the application of modeling the engineering problems using artificial intelligence techniques based on the experimental input and output data has been attained. This proposed technique will consequently reduce the costs that arise from conducting the experimental setups.
